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Abstract

With interestin musicinformationretrieval increasingthe needfor retrieval systemsuniqueto
musicis alsogrowing. Despiteits uniquepropertiesnusicsharesnary similaritieswith text. The
goal of this paperis to explore someof the capabilitiesand limitations of currenttext information
retrieval systemsasappliedto the taskof musicretrieval. Monophonicmusicis corvertedinto text
andretrieval experimentsare run usingtwo differenttext informationretrieval systemsn various
con gurations.Finally, we will discusawvhetherthetechniquesppliedherearegeneralizableo the
largerproblemof polyphonicmusicretrieval.

1 Intr oduction

Themodern eld of informationretrieval (IR) beganin the 1950swith the aim of usingcomputerdo
automaticallysearchcollectionsof unstructurednlinetext. Sincethattime, andparticularlyin thelast
decadewith the populararrival of the Internet,interestin varied, “multimedia” information retrieval
applicationshasexploded.Not only hastext retrieval branchedutby incorporatingaudiospeechrecog-
nition techniquesput imageretrieval andvideo retrieval have receved considerablattention. Music
informationretrieval is a third.

Text IR hasalarge headstarton theseotherretrieval systemsTechnique$iave beenintensvely studied
andre ned for aboutfour decades.Methodsand modelsfor musicIR, on the otherhand,arestill in
theirinfang/ (Byrd & Crawford, 2000). Music retrieval will continueto mature.However, ratherthanlet
it maturein isolation,the attitudetaken in this paperis thatwe shouldleveragetraditionalinformation
retrieval work andexaminethe extentto which techniqueslevelopedfor text canbe appliedto music.

Two primary reasonsve cantake this approachhave to do with the assumptionsve make aboutour
music representatiofiormat. First, insteadof digitized audio, we assumeexplicit knowvledge of the
musicalstructureof a pieceof music.In otherwords,thevariousnotesandtheir pitches starttimes,and
durationsareknown. (Generabudiomusicrecognition somavhatakin to speechrecognitionfor text, is
anunsohed problemandwill notbe addressetiere.)This structureor “music text’, couldbe arything
from time-stampedMIDI to full musicnotation,suchasthe Nightingalemusicnotationformat(AMNS,
2000).Secondwe assumehatthe musicwe aresearchings monophonicOnly onepitchis “active” at
ary giventime slice. With thesetwo assumptionst will be possibleto applytext retrieval techniqueso
music.



2 Background and RelatedWork
2.1 InferenceNetworks (Inquery)

The rst text retrieval systemunderconsiderations Inquery(Callan,Croft, & Harding,1992; Turtle &
Croft, 1991). Thisis a probabilisticretrieval systempasedon the generalizedramevork of a Bayesian
inferencenetwork. A Bayesiametis adirectedagyclic graph. The nodesin the graphrepresenpropo-
sitionalvariablesandthearcsrepresentdependencieletweerthosevariables.
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Figurel: An exampleinferencenetwork for documentetrieval

As Callanetal., 1992explain, the InqueryBayesiametis divided into two principal componentsthe
documentnetwork andthe query network. The documentnetwork hastwo layers. The rst layeris
composeaf documeninodes( ). Thedocumennodesarethe leaves,andarethe only obserablesin
the entiresystem.Thereis onenodefor eachdocumentn a collectionandthe value of the nodeis the
propositionthat this documentsatis es a users informationneed. This valueis alwayssetto true for
everydocumentTheinternalnodesn thegraph,ontheotherhand,arenotdirectly obserableandmust
beinferredfrom thedocuments.

Thesecondayerin the documennetwork is composeaf documentontentrepresentationodes( ),
which representhe propositionthat a given concepthasbeenobsered. As a simple example,one
representationf onepartof a documenimight be a word, a space-or punctuation-delimitegdequence
of alphanumerics.Otherpossiblerepresentationsclude integer values,dates,namedentitiesand so
on. Onedocumentanhave multiple representation@ndonerepresentatiosanbe sharedoy multiple
documentsFor example,a stringof numbergsuchas“1225") couldbetreatedeitherasatext stringor
asanintegervalueor both,in which casewo representationodesvould beused.Keepin mindthatthe
conceptin arepresentationodeis not directly obserable;it mustbe inferredfrom the document.The
arcbetweeradocumennode( ) andarepresentationode( ) is theconditionalprobability

Theprior probabilityof any document is—, where isthenumberof documentsn thecollection.

Thedocumentontentrepresentationodesconnectwith the rst layerof thequerynetwork atthequery
conceptnodes.Thequerynetwork is arepresentationf a userinformationneed.A representationode
cantake ontwo values trueor false.Thearcbetweernthe andaqueryconcepinode isthebelief
in the proposition , the propositionthatthe concept hasbeenobsered in the document. Bayes'
rule is usedto infer beliefsaboutdocumentepresentatiomodes from documentsthenbeliefsabout
queryconcepinodes from documentepresenationodes.Justasmultiple arcsareallowedfrom docu-
mentnodeso documentontentrepresentationodesmultiple arcsarealsoallowedbetweerdocument
contentrepresentatiomodesand queryconceptnodes. This will be usefullaterin the constructionof



phrasesin which multiple wordsarecombinedin somedesiredmannerto createa singlephrasequery
conceptnode.

Therootof thetree,thenodeto which all arcseventuallylead,is thequerynodeitself, . Thisrepresents
the propositionthat the users informationneedis met, andis alwayssetto true. The variousconcept
nodes whichcompriseaqueryarecombinedusingaweightedsummatioroperatorsumminghebeliefs
ateachof thequeryconcephodes.Documentarerankedby thissum. Thehigherthebeliefthatagiven
documenmeetsheinformationneed thehigherit is ranked.

2.2 LanguageModeling

A secondlesswell-known probabilisticapproactio text informationretrieval is languagenodeling. The
primarydifferencein thisapproachs that,unlike mostothermodelsin whichthedocumentndexing and
documentetrieval tasksaredissimilar languagemodelingcombinesndexing andretrieval into asingle
model. The languagemodelis usednot only asanindex, but asa methodof estimatingthe probability
of generatinga query Unlike the Inqueryinferencenetwork approachconceptsarenotinferredfrom
documentsas an intermediatestep. The languagemodelingapproachdealswith the probabilitiesof
generatinghe querywordsthemseles,directly from thedocuments.

The languagemodelwe will usefor musicretrieval is the systemdevelopedby Ponte& Croft, 1998.
For a given userquery documentsn the collectionare ranked by their probability of generatinghat
query This rankingformula,de ned for eachdocumenmodel in thecollection,is a productof the
probabilitiesof generatingeachtermin thequery timestheproductof theprobabilitiesof notgenerating
all thetermsthatarenotin thequery:

(1)

Theprobabilityof generatingaterm,giventhe modelof thedocumentis givenby:

(2)

Whenthetermis found within the documen{ ), we canusethe rst probability estimate.There
aretwo partto this estimate: and . The rst part, , is the maximumlikelihood
estimateof the term given the distribution of thattermin the currentdocument, . Thisis simply
the frequenyg of occurrenceof the termin that documentormalizedby the length of the document.
The secondpart, , is the averageover all documentsn which  occuss of the maximumlikelihood
estimateof thattermin eachdocument.Finally, is arisk function. Detailsarefoundin the Ponte&

Croft, 1998paper but it is enoughto saythat estimatego whatdegreethe frequeng of the current
term in adocumentvariesfrom the normalizedmeanacrossall documents.The morethis frequeng

differsfrom the mean theriskierit is to usethe maximumlik elihood estimate andthe saferit is to use
theaverageestimate Hence, isamixing parametebetween and

Whenthetermis not foundwithin thedocumentthe bestwe cando is to useanestimatebaseduponall



documentsn the collection. Thus — is simply the numberof timesthattermappearsn the collection
asawhole,overthesizeof (numberof documentsn) thecollection.

Our ranking formula  Althoughtherankingformulausedby Ponte& Croft, 1998includesanestimate
for all termswhich do not appeatin the query our experimentdoesnot considerthesetermsimportant.
We arelooking for speci ¢ melodiesin our searchesandthe notesthat we are not looking for have

little bearingon whetheror notamelodyis presenin adocumentPreliminaryresults(not shawvn here)
indicatemuchbetterperformancevhenthe non-querytermsareignored,but furtheranalyseseedto be

donebeforewe arecon dent of this. Neverthelessthisis theintuition we have developedandsowe use
thefollowing simpli ed languagemodelrankingformula:

(3)

3 Experimental Design

3.1 Meldex Collection

Themusicdocumentollectionwe usedconsistodf almost9,400North American,British, Irish andGer

manfolksongs,Germanballads,and Chineseethnicandprovincial songs(Schafrath, 1995;DT, 1996;
McNab, Smith, Bainbridge & Witten, 1997). Thesefolksongsareall monophonichotesareof various
durationsput notmorethana singlenoteis soundedatary giventime slice. IgnoringdurationsMcNab
etal., 1997shav thatsevencontiguousotepitches(or six contiguousitch intervals) arenecessaryon
averageto uniquelyidentify asong.

We will not beworking with contiguousnotesof this length (asexplainedin Sections3.2and4.1), but
it is importantto notethis limit andhow it might affect our results. If we createdsequencethatwere
toolong, our evaluationmight be uselessthe very lengthof the sequencewould be enoughto achieve
goodretrieval results.Interestedeadersan nd adetailedanalysisof the infometric propertiesof this
collectionin Downie, 1999.

3.2 DocumentCreation

Now thatwe have a collectionwe mustcorvertour collectiondocuments&ndqueriesnto aform suitable
for evaluationby our two text retrieval systems.
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Figure2: Lucy in the Sky with Diamonds

As an examplewe have the pieceof musicgiven by Figure2 (Lennon& McCartng, 1967). We start
with anabstractrepresentatioof this piecewhich includesthefollowing information: time signatures,
key signaturesnote pitchesand note durations. From this representationve constructthe graphicin
Figure2. Fromthis representatiomve alsocontructa text documentwhich representshis samepiece.
We alsousethis abstractepresentatioto constructext querieswith whichwe will testtheeffectiveness
of our retrieval systems.



In orderto convert musicdocumentgo text documentssomesimplifying assumptionseedto be made.
Themainassumptions that,while important,notedurationsarenot nearlyasimportantasnotepitches.
We thereforeignore durationas well as restswhen corverting musicto text. Furthermorewe make
the sameassumptioras otherresearcherthat pitch intervals are betterfeaturesthan absolutepitches,
becausef possibletranspositiongrom onekey to anotheDownie, 1999).

Unigrams The rst type of pitch interval we useis interval unigrams. For example,the rst notein
Figure2 is anE. The secondhoterisesto anA. Subsequermntotesriseto anE, fall to a G, riseto anE,
thenfall to anA. Pitchintenalsaremeasuredn semitonesSothesequencef pitch intenals begins:

(4)

In theMeldex collectionthereareno intervals largerthan+24 or smallerthan-24. For simplicity andto
avoid working with “negative” text terms,we add25 to eachintenal. Thus,the pitch interval unigrams
rangefrom 1 to 49. Thesongin Figure2 becomeghefollowing text document:

(5)

Bigrams Thesecondypeof pitchintenal useds interval bigrams.Whereasinigramsonly considered
two contiguousotes bigramsturnthreecontiguousotesinto asingle“text” term. Thesongin Figure2
beginswith thefollowing orderedpairsof unigrams:

(6)
Usingthe samecorventionfor eliminating“negative” termsaswe did with unigramsthis becomes:

(7)

We canagaintake adwantageof thefactthatthe vocalulary sizeof the collectionis limited andknown.
Consideran arbitrary orderedunigrampair . Neither nor aregoingto be larger than49 or
smallerthan 1. Thus,we canusethe following formulato corvert into a uniquesingle value
bigram:

(8)
This nally yieldsthefollowing bigram*“text” document:

(9)

Note that even thoughthesecorvertedtext termsare numbersi,it is importantnot to think of themas
integers,in the sensdhatthey canbe ordered addedsubtractecandsoon. Theterm“1226” = (25,1)
mightactuallybemoresimilarto“1177” = (24,1) thanit isto “1225” = (24,49), eventhoughtheinteger
1226is closerto theinteger1225. Thetermsaresimply anenumerationasimpleway of corvertingpitch
intenalsto text.

4 Experiment One

4.1 Query Construction

Theprocesdor turningamusicqueryinto atext queryis similarto thatof turningamusicdocumentnto
atext document.The query“wrapper”, the syntacticsugay differsfor eachtarget system but the basic



methodis the same. In our experimentsqueriesare composef pitch interval unigramsor bigrams.
Note that this differs from the Downie, 1999 approachwhich useslonger4, 5 and 6-gramqueriesas
well as4, 5 and6-gramdocumenterms.We wantto seehow well our approachdoesusingthesebasic
units, ignoring the larger discriminatorypower (but smaller e xibility andgeneralizability)thatlonger
n-gramsafford.

For Inquery eachof our queriesis a weightedsumof eitherunigramsor bigrams.For LanguageMod-
eling, aqueryis a productof the estimateof eachunigramor bigramprobability giventhe modelof the
document.Essentially our queryhasbecomea “grab bag”, a setof terms. The only sequentialitythat
hasbeenpreseredis thatof two contiguousotes(for intenal unigrams)or threecontiguousotes(for
inteval bigrams).For example:

Inqueryquery LanguageModel query
#g1l=#WSUM(1.0 =

1.0 30

1.0 32 *

1.0 16 *

10 34 *

1.0 18 *
);

Additionally, we constructgueriesthat are somavherebetweenunigramsandbigrams. Inqueryallows
phraseoperatorsvhichtake astheiragumentmultiple queryterms(querycontentrepresentationodes)
andaninteger, . The (unorderedvindow) operatolook for querytermswhichappeain ary order
within asize documentwindow. The (orderedwindow) operatorooks for phrasetermswhich
appeaiin theexactsameorderasin the phraseoperatorwithin asize documenivindow.

For example,if the songfrom Figure2 is usedasa query it might be transformednto the following
weightedsumof Inqueryphraseoperators:

#91=#WSUM(L.0
1.0 #0d3(3032)
1.0 #0d3(32,16)
1.0 #0d3(1634)
1.0 #0d3(34.18)

We usefour differentinquery phraseoperators:#uwl, #0d5,#od3and#od1. The purposeof the un-
orderedwindow (#uwl)is to examinethe importancethat sequencindgiasin musicandwhat happens
whensequencings ignored. The purposedf the orderedwindows at variouslexical distanceg#od1,
#0d3,#0db)is to examinetighterandloosermatchingschemesto seeto whatdegreewe arehelpedor
harmedby allowing, in effect, non-contiguoudigrams(non-contiguousrderedunigrampairs).



4.2 Results

Thanksto TREC, the text retrieval communityhasseveral large collectionsof documentsalongwith
afairly extensve relevancejudgementson eachcollection (Harman,1995). The musicretrieval com-
munity doesnot yet have this samestandardizatiomnd document-to-queryelevanceinformation. A
name-that-tuneor knovn-item searchjs an alternatve evaluationtechnique.A songis selectedrom
the collection,a queryis createdbasedon that song,andthe systemis evaluatedby the rankingof this
item.

Fifty songswereselectedat randomfrom the Meldex collectionandtranformednto queriesof various
lengths.Full text queriescontainan averageof 50 notes(49 intenal unigramsor 48 intenval bigrams).
12-noteand7-noteincipits arequeriesconstructedy usingtheinitial 12 or 7 notesof asong.

Tablel lists the InqueryandLanguageModeling approachesisingunigramsandbigrams,andthe In-
queryapproachusingunigramphraseguwl, od5,od3andodl). Thevalueshavn is the averagerank
achievedby eachretrieval approactover queriefrom 50 songs.Thelowertherank,thebetterthesystem
performance.

Tablel: Averagerankof known item over 50 queries

System QueryType | full-text 12-noteincipit 7-noteincipit
INQUERY  unigram 259 717 1420
LANGMOD  unigram 1377 1168 1578
INQUERY  bigram 1 14 162
LANGMOD bigram 1 12 221
INQUERY  Phrasauwl 2155 2916 3731
INQUERY  Phrasend5 22 180 667
INQUERY  Phrasend3 5 98 507
INQUERY  Phrasendl 1 15 164

4.3 Discussion

Query Length Onemight questionthe ef cacy of usingthefull text of a known item for querycon-
struction.Thiswasdonebecausé givesanupperboundonthe performancef eachretrieval technique.
In text retrieval, if thefull text of adocumenis usedto createa query performancevould likely drop.

Therearetoo mary “noisy” wordsin a documentwordswhich conceptuallyhave little to do with the
aboutnessf thatdocumentOntheotherhand,intuition saysthatthelongeramusicalpassagehemore
thatpassagevill beaboutthesongfrom whichit is taken. Theresultsin tablel1 shav thatthis intuition

holdsfor all theseretrieval systemsandqueries gxceptLanguageModeledunigrams.Thelargerthesize
of thequery the betterthe systenperforms,on average.

Inquery versusLanguageModeling For unigramsthe Inqueryapproachdoesmuchbetterthanthe
LanguageModeling approach.Neithersystem,however, hasan absoluteperformancdevel anywhere
nearacceptableThis is not surprising,sinceunigramscontainsolittle sequentialnformationnecessary
for music. With bigrams,on the otherhand,the differencebetweenthe two approachesarravs. For
full-text queries,LanguageModeling doesworsethaninqueryin only 2 of 50 instancesandequalto
Inqueryin theremaining48 instanceslt is not currentlyknowvn why languagemodelingfails with uni-
gramsrelative to Inquery but succeedsvith bigrams.Unigramsdo not discriminatevery well between
songs,and perhapdnquerys inversedocumentrequeng weighting handlesthis problembetterthan



the languagemodelingapproach.A bigramencapsulatea longer sequencef notesthana unigram,
increasingmplicit termdiscriminationperhapgo a pointwherelnquerys weightingschemeno longer
providessigni cant improvementover the LanguageModelingscheme.

Inquery Phrases Onemain differencebetweenthe languagemodelingapproachand Inqueryis that
the former doesnot containthe notion of phrasespr term non-contiguity while the latter does. The
rst phraseexperiment,#uwl, performsasexpected:poorly The unorderedvindow size 1 simulates
contiguity betweerunigrams,ncreasinghe discriminationpower of the term, but the disregardfor the
orderof the contiguity destrgs ary discriminationwe might have gained. The #uwl phrasegio even
worsethanunigramsby themseles,on average.

Thereareexceptions.A query-by-quenanalysisshavs that#uw1 succeedsvith (approximatelythree)
queriesthat have a large proportionof contiguousnoteswith the samepitch: #uw1(25,25). In such
casesthe rst andsecondermin aphrasearethesameandthesymmetryis notbrokenby anunordered
window. A #uwl phraseeffectively behaeslike an#odlphrasesoperformanceémproves. In the vast
majority of instanceshowever, theunigramsarenotthe sameandresultsarehurtsigni cantly; too mary
spuriousmatchesarefound.

By payingattentionto the orderingof contiguousunigrams recapturingthe original sequentialityof a
song,od phrasegprovide betterperformanceThe#od1phraseareextremelysimilar to bigrams.When
the distancebetweerthe orderedunigramsis looser(#od3and#o0d5),perhapdo allow more e xibility

in matching performancealrops;morespuriousmatchesrefound. (More relevantsongsmightbefound
aswell, but we cannottestthis without bettercollectionsandrelevancejudgements.)The amountof
thedropappeardo beinverselyproportionalto the sizeof the query Thelongerthe query thelessthe
rankingis affectedby spuriousmatcheslueto largerwindow sizes.

5 Experiment Two
5.1 Query Construction

We cannotcontrolthelengthof the userquery but we cancontrolhow thatqueryis used.This leadsto
asecondexperimentbasedon Inquerys e xible phraseoperators(We do not continuewith Language
Modelingbecauseurrenttext-basedapproachedo not allow for non-contiguous-grams or phrases.)

Recallthat Inquerys phraseoperatordake astheir agumentsquerycontentrepresentatiomodes(sec-
tions2.1and4.1). In the previous experiment,thesenodeswere pitch intenal unigramsandbigrams.
However, phraseoperatorarethemselesquerycontentrepresentationodes. Phraseconcepnodescan
thereforebeinferredfrom otherphraseconceptnodes Simply put, phrasesanbe nested.

A samplequerywith nestedohrasess this #od3phraseof #od5phrases:

#91=#WSUM(1.0
#od3( #0d5(3032)
#0d5(32,16)
#0d5(1634)
#0d5(34,18)




An exponentialnumberof phrasecombinationsandnestingsare possible.Phraseganbe nestedo an
arbitrarydepth phrasaistanceagumentsanbevariedat arbitrarynodesjndeedthe entireshapeof the
guerycontentnodenetwork canbe modi ed andrearrangedFor simplicity, we only test#od phrases
of #od phrasesTrials arerunfor queriesof eachlength:full-text, 12-noteincipits, and7-noteincipits.

5.2 Results
Table2: Averagerankof known item over 50 queries
System QueryType full-text 12-noteincipit 7-noteincipit
INQUERY Phraseod5of od5 1 9 218
INQUERY Phrasend5of od3 1 4 116
INQUERY Phrasend5o0f od1 1 1 18
INQUERY Phraseod3of od5 1 2 99
INQUERY Phrasend3of od3 1 2 84
INQUERY Phraseod3of od1 1 1 13
INQUERY Phraseodlof od5 1 1 13
INQUERY Phrasendlof od3 1 1 11
INQUERY Phraseodlof odl 1 1 8

5.3 Discussion

Theresultsareencouragindor the nestedbdxoperatorsFor ary givenqueryataspeci edquerylength,
the nestedbhrasesqualsor outperformsgthe unigram,bigram,andstraight#od5,#0d3,and#od1forms
of thatquery Theonly exceptionis the #0d5of #0d5son 7-notequeries;the phrasewindows aretoo
looseandthe querylengthtoo short. Otherwise gvery otherqueryconstructoutperformsstraight#od1
phraseandbigrams.

Query size still matters,but using nestedphraseoperatorsin a mannerwhich attemptsto recapture
the original sequentialityof the songproducesnore preciseresults. The advantageis thattheselooser
matchingschemeg$#od5of #0d3sandsoon)allow potentiallybetterrecallwithout sacri cing too much

precision.Whendoingaknown-itemsearctthisis notinteresting.However, oncelarger collectionsand

relevancejudgementdecomeavailable(oncemultiple documentsrejudgedrelevantto asinglequery),

the ability to allow for more e xible matchingwithout hurting precisionis important. It is the authors

opinionthattherearebene tsin differentqueryformulationsandshapes Differentmusicfeaturesand

variationscouldbe emphasizedr ignored,basedon how the queryis constructed.

6 Conclusion

Thegoalof this paperwasto evaluatecurrenttext informationretrieval systemsasappliedto the mono-
phonicmusicretrieval task. Althoughotherprobabilisticmethodssuchasthe Inquerysystemhave been
tried, the LanguageModelingapproachto the bestof theauthors knowledge hasnever beenappliedto
music. This latterapproachdid notyield impressie results.

However, the framavork offered by LanguageModeling is still useful. In mostcurrenttext retrieval
systemsa separatenodelis usedfor documentepresenatioandfor query-to-document-peesentation
matching.Additional layersof abstractiorareadded,’concepts’areinferredfrom documentandfrom
queries,and then theseconceptsare retrieved. For text, this additionalabstractiondoesnot always
posea signi cant problem. Thereis often high correlationbetweenokenizedalphanumericequences
(words)andconcepts.With music,on the otherhand,conceptsaremuchmoredif cult to nd. Where
is meaningfound in music? In a singlenote? In a noteintenal? In six contiguousnoteintenals? In
six non-contiguousoteintenals (i.e.: becausef improvisationor someothervariation)? The answer



remainselusive, anda retrieval systemwhich basesdts effectivenesson its ability to extract somesort
of musicaltermsor conceptdrom a musicdocumenwill have to solve this problembeforetacklingthe
actualretrieval task.

The LanguageModeling framavork bypasseshis intermediatestepand goesdirectly from document
to query It askshow likely it is thata given documenicould have generatedh query regardlesf the

“concepts’thatarefoundin eitherthedocumenbr thequery This framevork thusbecomewery useful

for music,whereconceptextractionis dif cult.

Despitetheserantingsaboutthe dif culty of nding or inferring musicalconceptsrom documentsthis
paperalsoshavs that an adequatavorkaroundis possible. While otherapproacheso musicindexing
have concentratedn longer -gramswe nd thatit is possibleto index seeminglymeaninglesserms,
pitch interval unigrams,andstill get goodresults. The Inquery phraseoperatordet a userconstructa
querywhich takesinto accountthe ordereddistanceof unigrams,creatinga semblancef the original
sequenceA con gurablewindow sizeaswell astheability to nestphrasego anarbitrarydepthallows
for e xibility in precisionandrecall.

However, this Inqueryphraseechniques strictly limited to monophonianusic. For polyphonicmusic,

it is uncleathow onemightindex intenal unigrams.If polyphonicmusicconsistedxclusiely of chords,

thetaskwouldbemuchsimpler But mostinterestingnusichasmultiple voices multiple parallelthreads,
all of which arenot always easilyresolhed into a single one-dimensionasequence Othertechniques
needto be developed.
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